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ABSTRACT1
This study explores the relationship between transit-based job accessibility and minority races and2
ethnicities, low- and middle-income households, and carless households at the block group level3
for the 50 largest by population metropolitan regions in the United States. A log-linear regres-4
sion model is used to identify inequities in transit-based job accessibility across the US using data5
collected from the American Community Survey, the Environmental Protection Agency’s Smart6
Location Database, and the Access Across America database. The intra-metropolitan analyses re-7
veal that accessibility is unevenly distributed across block groups that have different densities of8
race and levels of income. The differences in accessibility are especially apparent where there are9
denser pockets with higher percentages of African Americans, Hispanics, low-income households,10
and zero-car households. The inter-metropolitan analyses show that accessibility is unevenly dis-11
tributed across metropolitan regions across the US when considering various socio-demographic12
populations. Different metropolitan regions provide different levels of accessibility for all inves-13
tigated socio-demographic categories, whether considering racial minorities, levels of income, or14
car ownership. The results may inform recommendations for equitable transport planning and15
policy-making.16
Keywords: Accessibility, Equity, Justice, Transit, Disadvantage, Regression17
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INTRODUCTION1
Title VI of the US Civil Rights Act of 1964 requires that no federally funded program or activity2
discriminates against any individual on the basis of race, color, or national origin (1). Accessibil-3
ity, as defined by the US Department of Transportation, is the ease with which an individual may4
“use, enjoy and participate in the many aspects of society, including work, commerce and leisure5
activities” (2). Although well-designed public transit systems should enable individuals to achieve6
desired activities given their choice of location, time of day, and day of the week, transit agencies7
fall short of this ideal figure (3). According to the Brookings Metropolitan Policy Program Oppor-8
tunity Series, a typical job in the US is accessible by public transit within 90 minutes or less by9
only 27% of the surrounding workforce when considering the 100 largest metropolitan areas in the10
nation (4).11
This paper considers accessibility equity in terms of race, income, and vehicle owner-12
ship for the 50 largest metropolitan regions in the US using data aggregated at the block group13
level while testing linear regression models. Our contribution to the current body of literature14
is threefold. First, we explore the transit-based job accessibility and minority races, low- and15
middle-income households, and carless households at the block group level for the 50 most pop-16
ulous metropolitan regions in the US. Second, not only do we compare the level of accessibility17
between metropolitan regions, we also compare within regions the accessibility provided to dif-18
ferent socio-demographic groups. This inter- and intra-metropolitan area analysis at the block19
group level provides a clearer understanding of accessibility equity across the US. Third, we rank20
metropolitan regions across the US by transit-based job accessibility provided to disadvantaged21
socio-demographic populations. More specifically, this paper aims to answer the following ques-22
tions:23
24
1. How does job accessibility by transit vary by socio-demographic characteristics, such25
as ethnicity, income, and car ownership?26
2. How does job accessibility by transit vary by region?27
3. How does job accessibility by transit vary by the physics of the network?28
29
To answer these questions, we develop a set of logarithmic regression models at the block30
group level for the 50 largest metropolitan areas in the US using three data sources: (1) Ameri-31
can Community Survey, (2) Access Across America, and (3) Smart Location Database. The re-32
gions are then ranked according to the quality of transit-based job accessibility provided to each33
socio-demographic population. This study provides a novel reference for city officials and transit34
agencies in large metropolitan areas across the US to assist in improved allocation of resources,35
prioritization of transport projects, and guided policy-making to achieve the Title VI requirement36
of equitable accessibility services for all individuals.37
The remainder of the paper is structured as follows. A brief review of equitable accessibil-38
ity research is summarized covering a wide range of time frames, locations, and data aggregation39
levels. A detailed description of the three data sources used in this study is provided along with40
an outline of the variables to be examined in the models. A section on methods and results de-41
scribes the development of the regression models and presents the main findings. Finally, policy42
implementations are discussed, and the critical findings of this research are summarized.43
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LITERATURE REVIEW1
Over the past two decades, research has acknowledged the importance of equitable accessibility2
and its need for improvement in many locations. It is not the intent of the summary of literature3
presented in Table 1 and Table 2 to be all inclusive. Rather, its purpose is to provide a broad4
range of research time frames, locations, data aggregation levels, modes of transport, thresholds,5
variables, and research methodologies used in research on equitable accessibility over the past6
twenty years. Few studies have investigated accessibility as a dependent variable in a regression7
analysis, but given the quantitative nature of this study, the findings derived from regression models8
are of greatest interest here. In general, the results from such work support the hypotheses proposed9
in this paper, indicating reduced accessibility for disadvantaged populations, such as minority races10
and single parent households.11
The results reported in more qualitative studies display a variety of trends. Those stud-12
ies reporting a positive relationship between accessibility and low-income groups often discuss13
the prevalence of low-income neighborhoods surrounding public transit stations in that area of14
study. When a single study reports both positive and negative trends between accessibility and15
low-income populations, it often depends on the trip purpose or the type of job accessible. Insignif-16
icant results indicate no difference in accessibility between low-income households and middle-17
or high-income households. Contrary to one of the hypotheses of this study, most qualitative stud-18
ies report a negative relationship between carless households and accessibility. However, most of19
these studies include both transit-based accessibility and automobile-based accessibility, and the20
results indicate that transit-dependent individuals have lower accessibility compared to car-owning21
households. Single studies showing both positive and negative relationships for accessibility of22
carless households often indicate that it is contingent upon the applied time threshold. Finally, the23
results of the qualitative studies depict no clear trend between accessibility and African American24
population share. While negative relationships are often explained by the absence of proximal25
opportunities, mixed results indicate that the sign of the relationship is contingent upon the trip26
purpose or whether the household owns a car. This research builds on the valuable contributions27
of the location-specific studies summarized herein to provide a clearer description of accessibility28
equity across the nation. This work extends the research efforts of earlier studies by examining a29
comprehensive national dataset, using disaggregate data analysis at the block group level, includ-30
ing built environment variables like road network density, and providing equity comparisons both31
between and within the 50 largest metropolitan regions in the US.32
DATA33
American Community Survey34
The American Community Survey is an ongoing survey conducted by the US Census Bureau35
wherein most participating households receive a short version of a questionnaire, while one in36
six households receive a long-form each year (24). For this research, the five-year span Ameri-37
can Community Survey from 2011 to 2015 provided socioeconomic variables at the block group38
level for the 50 largest by population metropolitan regions in the US. The extracted socioeconomic39
data on race and income allowed for the testing of the hypothesis that job accessibility by transit40
is unevenly distributed among various demographic groups. The data were downloaded from the41
electronic archives and augmented with the following two additional datasets.42
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TABLE 1 : Summary of Research on Equity of Accessibility
First Author Year of Publication Timeframe 
Aggregation 
Level Area Mode Destination 
Threshold 
(min) Methodology 
Shen (6) 1998 1990 
Traffic 
analysis 
zone (TAZ) 
Boston 
Metro Transit Job 15, 30, 100 GIS 
Blumenberg 
(7) 2003 1990 – 1999 Block group 
Fresno 
County, CA 
Transit, 
car Job, transit None 
Descriptive 
statistics 
Larsen (8) 2008 1961 – 2005 Tract 
London 
City, 
Ontario 
Transit, 
walk Food store 10 
Descriptive 
statistics 
Grengs (9) 2010 2000 TAZ Detroit Metro 
Transit, 
car Job None 
Descriptive 
statistics 
Dai (4) 2011 2000 Tract Atlanta Metro Car Greenspace 10 
Regression 
(dependent 
variable) 
Foth (10) 2013 1996 – 2006 Tract Toronto Metro Transit Job None 
Descriptive 
statistics 
Fan (11) 2014 2000 - 2001 Jiedao Beijing City Transit Job 60 Descriptive statistics 
Farber (12) 2014 2008 – 2012 Block Cincinnati City, OH Transit Food store 10, 20 
Descriptive 
statistics 
Tilahun (13) 2014 2005 Block 
Minneapolis 
– St. Paul 
Metro 
Transit Job 30, 60 Descriptive statistics 
Grengs (14) 2015 2000 – 2005 Block group Detroit Metro 
Transit, 
car Nonwork None 
Descriptive 
statistics 
Hu (15) 2015 1990 – 2011 Tract Los Angeles Metro Car Job None 
Descriptive 
statistics 
Wang (5) 2015 2006 – 2010 Block group Columbus Metro 
Transit, 
car, walk Job 30 
Regression 
(dep. var.) 
El-Geneidy, 
Buliung (16) 2016 2011 – 2014 Tract 
Toronto 
Hamilton 
Metro 
Transit Job None Descriptive statistics 
El-Geneidy, 
Levinson 
(17) 
2016 2011 – 2014 Tract Montreal Metro Transit Job 
30, 45, 60, 
75, 90 
Descriptive 
statistics 
Pyrialakou 
(18) 2016 2009 - 2012 Tract 
Indiana 
State Transit Nonwork None 
Descriptive 
statistics 
Wood (19) 2016 2000 – 2010 Block group Leon County, FL 
Transit, 
car, walk Food store 10, 20 
Descriptive 
statistics 
Chen (20) 2017 2006 - 2012 TAZ Cleveland Metro 
Transit, 
car, walk Job None 
Descriptive 
statistics 
Farber (21) 2017 2011 Tract Hamilton Metro Transit Job 50 
Descriptive 
statistics 
Grise (22) 2018 2011 – 2017 Tract 
Toronto & 
Montreal 
Metros 
Transit Job 45 Descriptive statistics 
 
Access Across America1
Access Across America is a dataset organized by the Accessibility Observatory at the University of2
Minnesota which began in 2013. The data used in this study are from 2015 and include the number3
of jobs accessible by transit within time thresholds of 10, 20, 30, 40, 50, and 60 minutes for the 504
largest metropolitan regions in the US (25). The transit travel times were captured during the pe-5
riod of 7 AM to 9 AM considering departures at one-minute intervals, and they include access and6
egress segments, as well as transfers. This block level dataset provides a locational accessibility7
measure. To calculate a worker-weighted accessibility measure, Owen et al. (25) recommended8
weighting the locational accessibility measure by the number of workers residing in each block9
and then averaging these values across the metropolitan region. The weighted accessibility rank-10
ing could then be found by averaging the worker-weighted accessibility values across the various11
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TABLE 2 : Findings from Research on Equity of Accessibility
First Author Low-Income Carless African American Asian Hispanic Single Parent Physical Disability Elderly
Shen (5) − −
Blumenberg (6) Insignificant −
Larsen (7) −
Grengs (8) − − +/−
Dai (9) − −
Foth (10) +
Fan (11) −
Farber (12) + +/− +/− −
Tilahun (13) −
Grengs (14) +/− +/− +
Hu (15) Insig.
Wang (16) + − −
El-Geneidy, Buliung (17) +
El-Geneidy, Levinson (18) +
Pyrialakou (19) − −
Wood (20) − − −
Chen (21) +/− −
Farber (22) −
Grise (23) −
time thresholds for each metropolitan region. These data were extracted from the database and1
then aggregated at the block group level for use with the American Community Survey data. This2
analysis applied a 30-minute time threshold, because it is closest to the reported average mean3
travel time to work across the metropolitan regions of interest (26, 27).4
Smart Location Database5
The Smart Location Database was started by the US Environmental Protection Agency as part of6
the Smart Growth Program to offer free data for analysis of efficiency of place across the entire7
US through indicators such as density, diversity, design, destinations, and distance (28). The data8
is collected from a variety of sources including multiple Census datasets (including the American9
Community Survey and the Longitudinal Employer-Household Dynamics), the Protected Areas10
Database of the United States, in addition to databases focusing on highways, streets, parks, and11
transit. This source provided research data from 2010 on land area, zero-car households, and road12
network density at the census block group level. This allowed for the testing of hypotheses related13
to the correlation between job accessibility by transit and population density, carless households,14
and the physics of the network. The use of both socio-demographic and built environment vari-15
ables in this study is a novel feature that improves the accuracy of the analysis by accounting for16
additional significant effects. All three datasets used in this study are rich with many observations,17
providing a fine level of detail throughout this investigation.18
Variable Description19
The variables considered in this study for the development of the regression model are defined20
below in Table 3. The greatest African American population density was observed in Cincinnati.21
The greatest Hispanic population density, non-African American, non-Hispanic population den-22
sity, road network density, and number of jobs accessible by transit within 30 minutes were all23
found in New York. The smallest road network density was from a block group in Providence.24
The values identifying the income category cutoffs were determined through the development of25
the national level regression model wherein the earliest iterations of the model included income26
categorical ranges at their most disaggregate level identical to those provided by the American27
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Community Survey. The results of the model informed the income category boundaries to ensure1
that the final ranges distinguishing between low-, middle-, and high-income accurately reflected2
the trends observed in the data in its most disaggregate form. Finally, the data were cleaned by re-3
moving observations consisting of zero land area, zero road network density, zero job accessibility,4
zero household income, or zero non-African American, non-Hispanic individuals. This cleaning5
process removed a total of 2,638 observations, resulting in a remainder of 108,903 observations6
for use in the analysis.7
RELATIVE ACCESSIBILITY8
Relative accessibility in each metropolitan region provided to each of the six socio-demographic9
groups of interest is determined by the ratio of the person weighted average accessibility pro-10
vided to the group of interest compared to the person weighted average accessibility provided11
to the general population. The ranking of the 50 regions in terms of the relative accessibility is12
shown in Figure 1. A score of “1” indicates that the transit-based job accessibility provided to that13
socio-demographic population in that metropolitan region on average is equal to the accessibility14
provided to the general population within that region. A score of less than “1” indicates relatively15
less (i.e. inequitable) accessibility for the socio-demographic population of interest. As shown in16
Figure 1a, 4 of the 50 metropolitan regions provide inequitable transit-based job accessibility to17
African Americans: Houston, Las Vegas, Chicago, and Austin. Looking at Figure 1b, 13 of the 5018
regions provided inequitable transit-based job accessibility to Hispanics: Memphis, Baltimore, De-19
troit, Portland, Jacksonville, Atlanta, Washington, New Orleans, Louisville, San Francisco, Seattle,20
Richmond, and Austin. In terms of non-African American, non-Hispanic individuals, as shown in21
Figure 1c, all but 4 of 50 metropolitan regions (Austin, San Francisco, Seattle, and Houston)22
provide less transit-based job accessibility per person compared to that provided to the general23
population in each region. Considering Figure 1d, only 1 metropolitan region (Orlando) provides24
inequitable transit-based job accessibility to low-income households. As shown in Figure 1e, 14 of25
50 regions, as well as the nation at large, provided less accessibility to middle-income households.26
Finally, looking at Figure 1f, all metropolitan regions provide more transit-based job accessibility27
to carless households on average compared to the general population.28
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FIGURE 1 : Metropolitan regions ranked by relative accessibility to jobs by transit.
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MODELING: A LOG-LINEAR MODEL1
To fulfill the objectives described in the introduction, we test four distinct hypotheses:2
• H1: Job accessibility by transit is positively correlated with carless households. This3
may be due to the lifestyle choices of many individuals living in transit-oriented devel-4
opment areas.5
• H2: Job accessibility is negatively correlated with low-income households or minority6
dense populations . This may be due to the often expensive or exclusive access to prop-7
erty.8
• H3: Accessibility is unevenly distributed within and between metropolitan areas.9
• H4: Job accessibility is positively correlated with road network density. We believe this10
is due to the increased connectivity of the built environment.11
A set of multivariate log-linear regression models were developed to estimate correlations12
between socioeconomic factors and transit-based job accessibility within a 30-minute threshold at13
the census block group level as a function of the socioeconomic characteristics of the block groups.14
First, the regression model was developed using the national dataset. After finalizing the national15
level regression model, data from each metropolitan region were analyzed individually using the16
same regression model structure.17
The coefficients and t-test values are presented in Table 4 for the seven variables of interest18
for each of the 50 metropolitan models as well as the national model. All findings are presented19
below, but a t-test score with an absolute magnitude of 1.96 or higher is required for the finding20
to be considered statistically significant in this study. The only two variables with statistically21
significant findings for all 50 metropolitan regions were PercentZeroCarHousehold and RoadNet-22
workDensity. They are also the only two variables with entirely positive beta coefficients, meaning23
that the relationship between transit-based job accessibility and carless households or road network24
density is unvaryingly positive for the 50 metropolitan areas considered. The adjusted R2 in the25
national model is 0.68, which is an acceptable value considering the large number of observations26
present in the dataset and the fact that this model is not used for predictive purposes. This value27
is close to the adjusted R2 value of 0.66 averaged from all 50 metropolitan models. The lowest28
adjusted R2 value is 0.37 from the Las Vegas model and the highest is 0.78 from the Milwaukee29
model. The number of observations at the national level was 108,903, and the number of observa-30
tions ranged from 564 in Raleigh to 13,518 in New York, with an average of 2,178 observations31
per metropolitan region.32
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TABLE 3 : Description of Variables Used in Regression Analysis
Variable Definition Average St. Dev. Min Max
Accessibility
Continuous variable identifying the number of jobs that can be 
reached by transit within 30 minutes during the hours of 7 AM and 
9 AM at the block group level
45072.46 184387.35 1.00 2711259.00
NoAfricanAmericans
Dummy variable that is equal to one when no African American 
individuals are reported at the block group level, and equal to zero 
otherwise
0.23 0.42 0.00 1.00
AfricanAmericanDensity
Continuous variable identifying the number of individuals at the 
block group level who are Black or African American divided by 
the total area of unprotected land in acres
16.93 3114.70 0.00 778288.87
NoHispanics Dummy variable that is equal to one when no Hispanic individuals are reported at the block group level, and equal to zero otherwise 0.12 0.32 0.00 1.00
HispanicDensity
Continuous variable identifying the number of individuals at the 
block group level who are Hispanic or Latino divided by the total 
area of unprotected land in acres
94.92 26456.80 0.00 8690476.19
NonAAHDensity
Continuous variable identifying the number of individuals at the 
block group level who report being any race other than African 
American or Hispanic divided by the total area of unprotected land 
in acres
1436.66 468609.64 0.00 154642857.10
PercentLowIncome
Continuous variable identifying the number of households earning 
less than a $25,000 gross annual income divided by the total 
number of households at the block group level
21.42 16.57 0.00 100.00
PercentMiddleIncome
Continuous variable identifying the number of households earning 
a gross annual income between $25,000 and $50,000 divided by 
the total number of households at the block group level
21.74 11.61 0.00 100.00
PercentZeroCarHousehold
Continuous variable identifying the number of households that do 
not own a personal vehicle divided by the total number of 
households at the block group level
11.15 16.63 0.00 100.00
RoadNetworkDensity
Continuous variable identifying the total length of the road network 
in miles divided by the total land area in square miles at the block 
group level
17.89 9.15 0.09 125.07
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TABLE 4 : Regression Model; Dependent Variable: Transit Accessibility; Independent Variables Log Transformed
Coefficient t-test Coefficient t-test Coefficient t-test Coefficient t-test Coefficient t-test Coefficient t-test Coefficient t-test
Atlanta 0.0945 4.72 -0.0399 -1.89 0.0740 3.20 0.0029 3.00 -0.0007 -0.65 0.0180 12.57 2.3275 31.73 0.6286 2536
Austin 0.0600 1.76 0.1114 2.52 0.1886 4.34 0.0077 5.60 0.0060 3.59 0.0231 7.61 1.5380 14.58 0.6954 960
Baltimore 0.0836 4.65 -0.0176 -0.76 -0.0398 -1.56 0.0081 7.45 0.0049 4.23 0.0072 6.70 2.0747 33.11 0.7557 1849
Birmingham -0.0319 -0.98 0.0810 2.26 0.1500 2.97 0.0035 2.32 0.0018 0.93 0.0132 4.76 1.8042 16.31 0.7081 761
Boston 0.0660 4.83 0.0266 1.94 0.2409 11.57 -0.0036 -5.07 -0.0027 -3.18 0.0172 23.96 1.6424 33.30 0.7658 3385
Buffalo 0.0680 3.30 0.0466 1.72 0.1735 4.93 0.0030 2.53 0.0011 0.79 0.0104 7.55 1.4360 16.40 0.7357 942
Charlotte 0.0977 3.12 0.0476 1.50 0.0570 1.44 0.0030 2.23 -0.0015 -1.00 0.0180 7.44 2.2313 21.90 0.6764 1046
Chicago 0.0640 6.60 0.1370 13.43 0.1518 13.71 -0.0041 -7.78 -0.0021 -3.52 0.0210 35.28 1.4105 35.92 0.6071 6324
Cincinnati 0.0732 4.11 0.0431 1.70 0.0894 2.81 0.0041 4.07 0.0025 2.10 0.0102 6.96 1.9189 26.84 0.7359 1549
Cleveland 0.0824 4.86 -0.0077 -0.35 0.0244 0.99 0.0061 6.83 0.0017 1.45 0.0096 7.71 1.4802 25.28 0.6563 1637
Columbus 0.0509 2.28 0.0509 2.28 0.2036 5.03 0.0058 5.23 0.0003 0.19 0.0111 5.99 1.6222 18.26 0.6985 1288
Dallas 0.0286 2.01 0.1238 7.78 0.0232 1.31 0.0036 5.32 0.0040 5.67 0.0145 11.46 1.6668 33.46 0.5551 4058
Denver -0.0078 -0.38 -0.0288 -1.13 0.3223 8.46 0.0112 9.01 0.0066 5.56 0.0178 9.92 1.4690 18.90 0.6411 1785
Detroit 0.0386 3.34 0.0066 0.41 0.0724 4.73 0.0027 4.81 0.0023 3.29 0.0082 8.99 1.8904 42.05 0.6475 3524
Hartford 0.1544 5.57 0.0862 2.64 0.0676 1.17 0.0069 4.33 0.0041 2.43 0.0074 3.85 1.4976 13.85 0.7327 879
Houston 0.0559 3.26 0.1304 6.03 0.1715 9.63 0.0029 3.38 -0.0009 -0.94 0.0157 10.30 1.4324 25.64 0.5654 2968
Indianapolis 0.0376 1.67 0.0830 3.07 -0.0119 -0.29 0.0057 4.85 0.0038 2.66 0.0177 7.40 1.9355 20.52 0.7314 1065
Jacksonville 0.0984 3.45 -0.0275 -0.66 0.0344 0.79 0.0046 2.98 0.0026 1.43 0.0111 4.15 1.6755 17.47 0.6361 691
Kansas City 0.0932 5.11 0.0111 0.56 0.1077 3.79 0.0049 5.32 0.0013 1.26 0.0131 7.73 1.7884 24.79 0.7416 1525
Las Vegas -0.0538 -1.80 0.1106 3.83 0.0922 2.43 0.0104 8.40 0.0111 8.33 0.0148 8.01 0.5476 8.53 0.3698 1270
Los Angeles 0.0609 6.46 0.1254 11.61 0.2258 21.33 0.0063 12.50 0.0048 8.54 0.0144 21.08 1.0094 29.97 0.4404 8001
Louisville 0.1075 4.12 -0.0037 -0.12 0.1464 3.07 0.0073 4.91 -0.0013 -0.81 0.0096 4.38 1.9972 19.42 0.7713 929
Memphis 0.0543 1.44 0.0462 1.29 0.0299 0.89 -0.0034 -2.45 0.0008 0.48 0.0088 3.99 1.7916 16.52 0.6271 783
Miami 0.0805 6.49 0.2409 16.73 -0.0017 -0.11 0.0051 7.78 0.0035 4.45 0.0095 9.44 0.9448 18.34 0.3759 3267
Milwaukee 0.0461 3.06 0.0410 2.21 0.0899 3.76 0.0075 7.61 0.0091 8.18 0.0048 3.39 1.7822 26.45 0.7780 1288
Minneapolis 0.0808 5.38 0.0686 3.73 0.1079 3.50 0.0060 5.59 0.0074 7.03 0.0140 9.85 1.8905 31.91 0.7628 2309
Nashville 0.0777 2.65 0.0354 1.10 0.0717 1.46 0.0054 3.65 -0.0014 -0.88 0.0164 6.37 2.0872 19.80 0.7249 957
New Orleans 0.1247 5.24 0.0580 1.95 -0.0204 -0.65 -0.0003 -0.29 -0.0041 -2.68 0.0091 7.26 1.4329 21.48 0.6514 1011
New York 0.0912 14.96 0.1254 17.68 0.2122 26.97 -0.0071 -21.94 -0.0050 -11.96 0.0180 79.32 1.1978 53.03 0.7530 13518
Oklahoma City 0.0960 4.07 0.0649 2.48 0.1112 2.54 0.0073 6.57 0.0028 2.07 0.0120 5.77 1.7236 18.78 0.7339 1021
Orlando 0.0539 1.79 0.1335 3.47 -0.1057 -2.39 0.0025 1.58 -0.0008 -0.49 0.0155 5.36 1.7624 20.65 0.5588 829
Philadelphia 0.1106 10.35 0.0460 3.78 0.0706 4.79 0.0026 4.52 0.0005 0.68 0.0133 22.80 1.5995 38.18 0.7654 4181
Phoenix -0.0140 -0.62 0.1451 6.25 0.2204 5.96 0.0088 9.29 0.0000 0.03 0.0187 11.71 0.9358 12.02 0.4676 2680
Pittsburgh 0.1961 10.97 0.0500 2.03 0.1085 3.18 -0.0042 -3.97 -0.0059 -4.67 0.0143 11.26 1.5713 20.85 0.7333 1902
Portland 0.0569 2.55 0.0865 3.69 0.1737 4.07 0.0050 4.36 0.0015 1.27 0.0109 7.41 1.7177 21.91 0.7709 1419
Providence 0.0518 2.31 0.0766 3.39 0.0995 2.93 0.0038 3.62 0.0037 2.90 0.0049 3.30 1.4324 19.91 0.7094 1194
Raleigh 0.0663 1.55 0.0436 1.03 0.1492 2.80 0.0056 2.80 0.0053 2.84 0.0158 4.61 2.2295 17.42 0.7195 564
Richmond 0.1078 2.85 -0.1071 -3.14 0.1179 2.65 0.0047 2.72 0.0036 2.00 0.0081 3.25 2.0329 18.70 0.7532 764
Riverside -0.0043 -0.23 0.4342 19.68 0.0826 2.84 0.0039 4.45 0.0034 3.19 0.0119 6.09 0.4158 6.99 0.5286 2108
Sacramento -0.0385 -1.58 0.1485 4.16 0.3500 6.57 0.0084 6.81 0.0032 2.29 0.0170 8.31 0.7817 8.28 0.5904 1368
Salt Lake City -0.0576 -1.51 0.0581 1.87 0.3699 7.14 0.0096 5.95 0.0078 4.90 0.0183 6.15 0.5725 6.09 0.6278 677
San Antonio 0.0085 0.35 0.2409 6.75 0.0527 1.81 0.0081 6.93 0.0072 5.47 0.0126 6.47 1.4737 16.03 0.7057 1302
San Diego -0.0025 -0.13 0.1879 8.11 0.2685 8.19 0.0049 4.60 0.0031 2.80 0.0135 8.19 0.9661 14.62 0.5723 1784
San Francisco 0.0330 1.92 0.0517 2.53 0.4109 14.25 -0.0007 -0.68 -0.0018 -1.60 0.0202 23.65 1.0905 20.61 0.6450 2885
San Jose 0.0062 0.22 0.0299 1.14 0.1999 4.40 0.0039 2.52 0.0037 2.36 0.0112 5.04 1.0748 11.93 0.4545 1111
Seattle 0.0303 1.49 -0.0067 -0.28 0.3798 8.81 0.0021 1.87 0.0021 1.82 0.0188 12.81 1.7163 22.29 0.6517 2471
St. Louis 0.1297 8.12 0.0062 0.28 0.0677 2.60 -0.0004 -0.48 -0.0024 -2.40 0.0123 8.87 1.7688 26.83 0.7067 1941
Tampa 0.0836 4.38 0.0114 0.48 -0.0362 -1.16 0.0037 4.28 0.0003 0.29 0.0146 9.62 1.9718 31.86 0.5845 1991
Virginia Beach 0.0819 2.92 0.0317 1.06 0.0248 0.71 0.0067 4.87 0.0073 5.62 0.0071 3.49 1.6016 20.27 0.6520 1123
Washington 0.1040 6.15 0.0653 3.29 0.1513 6.92 -0.0059 -4.62 -0.0055 -4.76 0.0252 23.20 1.9274 36.06 0.6692 3483
United States 0.0606 25.10 0.1240 51.23 0.1664 50.61 0.0003 2.76 -0.0010 -6.92 0.0169 132.07 1.5362 178.46 0.6830 108903
Average 0.0595 3.3840 0.0702 3.5022 0.1264 4.6256 0.0039 3.2032 0.0020 1.4716 0.0136 10.8156 1.5578 22.5208 0.6554 2178.0600
Min -0.0576 -1.8000 -0.1071 -3.1400 -0.1057 -2.3900 -0.0071 -21.9400 -0.0059 -11.9600 0.0048 3.2500 0.4158 6.0900 0.3698 564.0000
Max 0.1961 14.9600 0.4342 19.6800 0.4109 26.9700 0.0112 12.5000 0.0111 8.5400 0.0252 79.3200 2.3275 53.0300 0.7780 13518.0000
RoadNetworkDensity  Adjusted 
R-squared ObservationsMetro Region
AfricanAmericanDensity HispanicDensity NonAAHDensity PercentLowIncome PercentMiddleIncome PercentZeroCarHousehold
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ELASTICITY OF ACCESS1
To quantify the relationship between transit-based job accessibility and socioeconomic variables,2
we calculate the elasticity of variables for each metropolitan area. Figure 2 visually depicts the3
relationship between transit-based job accessibility and the seven variables of interest for the 504
largest metropolitan regions in the nation with statistically significant results. The total number of5
metropolitan areas for each of the six plotted variables is not consistently 50, because some param-6
eters were found to be insignificant in some metropolitan models, and therefore, those metropolitan7
areas could not be included in the ranking for that category. As shown in Figure 2a, the elasticities8
of AfricanAmericanDensity are entirely positive, meaning the relationship between the number of9
African American individuals per acre of land and the number of jobs accessible by transit within10
30 minutes is positive across the 50 largest metropolitan regions in the nation. Pittsburgh (with11
an elasticity of 0.20) and Hartford (0.15) stand out as providing the best levels of accessibility for12
African American dense areas. The subsequent decline in accessibility is relatively steady and13
drops off quickly in Detroit (0.04) and Dallas (0.03).14
Looking at Figure 2b, it is found that the elasticities of HispanicDensity for 96% of the15
studied metropolitan regions were positive and negative for 4% of the regions, meaning the re-16
lationship between the number of Hispanic individuals per acre of land and the number of jobs17
accessible by transit within 30 minutes is positive for the majority of the 50 largest metropolitan18
regions in the nation. Riverside provides the highest level of accessibility for areas with a high19
share of Hispanic individuals, with an elasticity of 0.43. Richmond is the only metropolitan re-20
gion with a statistically significant negative relationship (−0.11) between the number of Hispanic21
individuals per acre and job accessibility by transit.22
As shown in Figure 2c, the elasticities of NonAAHDensity for 97% of the regions were23
positive and negative for 3% of the regions, meaning the relationship between the number of non-24
African American, non-Hispanic individuals per acre of land and the number of jobs accessible by25
transit is positive for the majority of the 50 largest metropolitan regions in the nation. San Fran-26
cisco provides the highest level of transit accessibility for areas dense in non-African American,27
non-Hispanic individuals, with an elasticity of 0.41. There is initially a steep decline in accessi-28
bility across the top seven ranked metropolitan areas from San Francisco to Boston. The decline29
in accessibility then tapers off with Orlando as the only metropolitan area showing a negative rela-30
tionship (−0.11) between job accessibility and the number of non-African American, non-Hispanic31
individuals per acre.32
For the variable PercentLowIncome shown in Figure 2d, the elasticities for 87% of the33
metropolitan regions were positive and negative for 13%, meaning the relationship between the34
percentage of households earning less than $25,000 annually and the number of jobs accessible35
by transit is positive for the majority of the 50 largest metropolitan regions in the nation. Las36
Vegas stands out as providing the best level of accessibility for low-income households, with an37
elasticity of 0.24. The elasticity of accessibility at the national level is nearly zero, indicating that38
transit-based job accessibility is on average no better or worse for households earning less than39
$25,000 annually compared to other income groups across the nation. However, six metropolitan40
regions show a statistically significant negative relationship between transit-based job accessibility41
and low-income: Boston, Washington, Chicago, Pittsburgh, Memphis, and New York. New York42
ranked last with an elasticity of −0.14.43
Considering the variable PercentMiddleIncome shown in Figure 2e, the elasticities for 77%44
of the metropolitan regions were positive and negative for 23%, meaning the relationship between45
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the percentage of households earning between $25,000 and $50,000 annually and the number of1
jobs accessible by transit within 30 minutes is positive for the majority of the 50 largest metropoli-2
tan regions in the nation. However, it is important to note that the sign for this variable in the na-3
tional model is negative, meaning overall in the US middle-income households experience less job4
accessibility by transit than other income groups. Las Vegas (elasticity of 0.30) by far provides the5
best transit-based job accessibility for households earning between $25,000 and $50,000 annually.6
In the national model, there is a negative correlation between job accessibility and middle-income7
households, indicating that in general middle-income households have worse transit-based job ac-8
cessibility compared to households of other income levels (elasticity of −0.02). A total of seven9
metropolitan areas show a statistically significant negative relationship between middle-income10
households and job accessibility: Boston, Chicago, St. Louis, Washington, New York, New Or-11
leans, and Pittsburgh (elasticity −0.14).12
For the variable PercentZeroCarHousehold shown in Figure 2f, New York by far provides13
the best accessibility to carless households (elasticity of 0.51), twice as well the second ranked14
region of Chicago. An additional six metropolitan regions stand out above the rest in providing15
accessibility to zero-car households: Washington, Boston, San Francisco, Philadelphia, Pittsburgh,16
and Buffalo. The subsequent decline in accessibility is steady and mild. Providence ranks last with17
an elasticity of 0.05.18
The benefit of considering an elasticity ranking in addition to the relative accessibility19
rankings provided in Section 5 is that the relative accessibility measure offers an average com-20
parison between a specific socio-demographic group and the general population for an entire21
metropolitan area, while elasticity compares changes in transit-based accessibility for a specific22
socio-demographic population across a region as the density or percentage of that group varies.23
For example, as shown in Figure 1d, the relative accessibility of low-income households in Or-24
lando is less than that provided to the general population (0.930). However, by looking at the25
elasticity provided in Figure 2d, the results show that pockets with higher percentages of low-26
income households in Orlando have greater job accessibility than pockets with lower percentages27
of low-income households. Conversely, considering the results for Washington, Figure 1d shows28
a relative person weighted accessibility of 1.701, meaning low-income households on average in29
Washington experience more transit-based job accessibility than the general population. However,30
Figure 2d shows an elasticity of −0.0653, meaning that within Washington pockets with higher31
percentages of low-income households experience less job accessibility than pockets with lower32
percentages of low-income households.33
Relative accessibility and elasticities offer different types of equity comparisons that are34
useful for different purposes. If the goal is to provide the same number of jobs per person to35
one group as to another, relative accessibility is helpful. However, this average metropolitan level36
accessibility score does not describe the differences between block groups with different densities37
of the population of interest. This could mask a problem if, for example, per person accessibility38
was less than “1” in block groups dense with a given socio-demographic population and greater39
than “1” in block groups sparse with that socio-demographic population, in which case the per40
person block group average relative accessibility could still look equitable. In contrast, elasticity41
offers insight into detailed changes in accessibility at the block group level.42
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FIGURE 2 : Metropolitan regions ranked by elasticities.
DISCUSSION1
The results presented above are used to answer the research questions posed in the introduction2
and to evaluate the initial hypotheses.3
1. How does job accessibility by transit vary by socio-demographic characteristics, such4
as ethnicity, income, and car ownership?5
Our first hypothesis (H1) was a positive correlation between job accessibility by transit6
and carless households. H1 was confirmed for 33 metropolitan regions, while the re-7
maining regions were statistically insignificant. Our second hypothesis (H2) was a neg-8
ative correlation between job accessibility and minority race individuals or low-income9
households. H2 was only confirmed in one case for racial minorities (i.e. accessibility10
provided to Hispanic individuals in Richmond) and in 6 out of 45 metropolitan regions11
for low-income households. Therefore, H2 was largely refuted.12
2. How does job accessibility by transit vary by region?13
Our third hypothesis (H3) was that accessibility is unevenly distributed within and be-14
tween metropolitan regions. As determined through intra-metropolitan analyses, acces-15
sibility is unevenly distributed across block groups that have different densities of race16
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and levels of income. For example, within the New York metropolitan area, the results1
show that accessibility provided for zero-car households (with an elasticity of 0.51) is2
better than accessibility provided for Hispanics (0.13), African Americans (0.09), or3
low-income households (−0.14). The inter-metropolitan analyses show that accessi-4
bility is unevenly distributed across metropolitan regions throughout the nation when5
considering any socio-demographic population. It is worth noting that these elasticities6
describe percent change rather than providing a per person evaluation. For example,7
the accessibility elasticity in Las Vegas is 0.2407 for percent low-income households8
and 0.2979 for percent middle-income households. However, a 1% increase in low-9
income households would equate an additional 1,562 low-income households, and a 1%10
increase in middle-income households would equate an additional 1,912 middle-income11
households. Therefore, at the per household level, the change in job accessibility for the12
two groups is approximately equal, although when considering elasticity as percentage13
change, change in accessibility appears greater for the larger group.14
Different metropolitan regions provide different levels of accessibility in all investigated15
socio-demographic categories, whether considering racial minorities, levels of income,16
or car ownership. For example, the best regions for providing accessibility to African17
Americans, Hispanics, low-income households, and zero-car households are Pittsburgh,18
Riverside, Las Vegas, and New York, respectively. No metropolitan region ranks highly19
in providing to all disadvantaged socio-demographic groups investigated in this study,20
a result that has important implications for equity and transport justice. These find-21
ings suggest that instead of providing a blanket score for transit-based accessibility for22
each region, it is important to carefully investigate which socio-demographic groups are23
served over others.24
3. How does job accessibility by transit vary by the structure of the network?25
Our fourth hypothesis was a positive relationship between job accessibility and road26
network density due to the increased connectivity of the built environment. This rela-27
tionship was significantly positive for all 50 metropolitan regions investigated in this28
study. Therefore, H4 was corroborated. This correlation was expected, because as road29
networks become denser, transit services are better able to connect individuals to places30
of employment.31
32
The results reveal many inter- and intra-metropolitan trends in transit-based accessibility33
across the nation related to race, income, and car ownership. Perhaps the most critical finding in34
terms of equitable accessibility is that of a statistically significant negative relationship between ac-35
cessibility and low-income households in 6 of the 50 largest metropolitan areas in the US. Although36
the findings summarized in the literature review indicated that in many areas of study low-income37
households experience accessibility that is equal to or better than that provided to other income lev-38
els, this study reveals that in New York, Memphis, Pittsburgh, Chicago, Washington, and Boston,39
low-income households receive lower levels of transit-based job accessibility compared to other40
income levels. Therefore, guided planning efforts are critically needed in these areas to improve41
transit-based job accessibility for low-income households to achieve equity in public transport.42
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This study shows in detail that although major metropolitan areas may excel in providing1
transit-based job accessibility to one or two socio-demographic populations, they frequently per-2
form below average in providing to other socio-demographic groups. Chicago, for example, is3
ranked 2nd of 50 in providing accessibility to carless households, 7th of 28 in providing to His-4
panics, 17th of 36 in providing to non-African American, non-Hispanic individuals, 25th of 33 in5
providing to African Americans, 26th of 31 in providing to middle-income households, and 42nd6
of 45 in providing to low-income households. This type of intra-metropolitan analysis could assist7
planners in better assessing how to invest in future transit projects.8
Furthermore, metropolitan transport planners could use this study to determine how their9
region compares to others. For example, to compare Minneapolis and Portland, we find that transit-10
based job accessibility in Minneapolis exceeds that in Portland in terms of African American11
population density (19th versus 27th), low-income households (26th versus 28th), and zero-car12
households (23rd versus 38th). Conversely, transit-based job accessibility in Portland exceeds that13
in Minneapolis in terms of Hispanic population density (15th versus 20th) and non-African Amer-14
ican, non-Hispanic population density (14th versus 25th). This kind of inter-metropolitan analysis15
could help illuminate possible areas of improvement for regions desiring to increase the equity16
of their transit-based accessibility to ensure that all groups are served fairly by the public transit17
system. None of the 50 largest metropolitan regions ranked above the national average in all seven18
categories, nor did any rank below the national average in all seven categories. Most importantly,19
to achieve equitable accessibility, it is essential to improve transit-based accessibility for any dis-20
advantaged socio-demographic group that experiences a negative correlation with job accessibility21
so that all individuals may receive equal access to opportunities regardless of race, income, age,22
gender, or disability. Because of spatial segregation, whatever the cause, given a finite amount of23
service, service to one area may substitute for service to another area. So for instance, relatively24
more transit in low-income areas comes at the cost of relatively less transit service in non-low-25
income areas, many of which are middle-income. Similarly, relatively more service in an African26
American area comes at the cost of relatively less service in a non-African American area, which27
may include Hispanic neighborhoods. So understanding both relative and absolutes is essential to28
grasp the full picture.29
We note there are alternative interpretations. Ensuring uniform transit accessibility across30
space is essentially impossible. By focusing service on community X, community Y will receive31
less. Metropolitan areas with, say, better than average bus service for minority populations may32
thus stigmatize transit service as being predominantly for that ethnic minority, which could reduce33
its overall support. Many metropolitan areas have faced the dilemma. To broaden the base of34
support, and in the name of ‘spatial equity,’ many communities spend scarce transit operating35
budgets providing services to whiter suburban areas where it is more expensive per ride. This is36
obviously not a good solution, but is widely used. (29)37
CONCLUSIONS38
This research compares the 50 largest metropolitan regions in the US in terms of transit-based job39
accessibility to better understand the relative performance of transport systems in terms of how well40
they serve disadvantaged populations. To provide a fair and just transport service, increased efforts41
are needed to improve transit-based job accessibility for low-income households and Hispanic42
communities in seven of the largest metropolitan regions in the US. Upon demonstrating the utility43
of this national-scale study incorporating both inter- and intra-metropolitan analysis, future work44
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is encouraged.1
This paper ranks the 50 largest metropolitan regions in the US in order of how well transit-2
based accessibility serves each socio-demographic group. By including the results of the national3
model among the metropolitan rankings, it becomes apparent at a glance whether a region is per-4
forming above or below the national average in any given category. The use of elasticities permits5
a direct comparison of accessibility by transit within and between metropolitan areas. For exam-6
ple, although no metropolitan regions show a statistically significant negative correlation between7
the population density of African Americans and job accessibility, it can be observed that Dallas8
(ranked last at 33rd) serves this socio-demographic population half as well as the national average,9
and New Orleans (ranked 4th) serves this population twice as well as the national average. San10
Francisco (ranked 23rd) provides transit-based job accessibility to Hispanic populations half as11
well as the national average, while San Antonio (ranked 2nd) provides transit-based job accessi-12
bility to this population twice as well as the national average. While in Columbus transit-based13
job accessibility for African American and Hispanic communities is below the national average14
(ranked 30th and 24th, respectively), it provides a level of accessibility above the national average15
to non-African American, non-Hispanic individuals.16
This ability for intra-metropolitan comparisons, as well as inter-metropolitan comparisons,17
offers a better understanding of which socio-demographic groups are best provided with transit-18
based job accessibility. This breakdown is important for obtaining a more detailed understanding19
of transit-based job accessibility across the nation. For example, although New York is ranked 1st20
in providing transit-based accessibility to carless households, it is ranked last (45th) in providing21
accessibility to low-income households. Although Pittsburgh is ranked last (31st) in providing22
transit-based accessibility to middle-income households, it is ranked 1st in providing accessibil-23
ity to African Americans. These findings exemplify how a single accessibility score for an en-24
tire metropolitan region may gloss over these socio-demographic distinctions that are critical to25
transport equity. Important findings are also revealed by combining inter- and intra-metropolitan26
analyses. For example, four major metropolitan regions show statistically significant negative cor-27
relations between accessibility and both low- and middle-income households, as well as very high28
statistically significant positive correlations between accessibility and percent zero-car households.29
These findings indicate that these four regions (New York, Chicago, Washington, and Boston)30
provide the best transit-based job accessibility to high-income, carless households. While this31
finding may speak to the relatively high-quality of public transit available in these major urban32
areas, it does not reflect as well on the equity of the transport systems. The first limitation of33
the present study is that of endogeneity, which refers to the joint determination that might exist34
between location of residence and location of employment, since both contain elements of self-35
selection, and both may be driven by the same unobserved personal characteristics. The results36
of this study cannot be used to determine whether transit systems are designed to serve disad-37
vantaged socio-demographic groups or if certain socio-demographic groups are moving to areas38
with higher transit accessibility already in place. Of course, this analysis alone cannot be used to39
study causation. Rather its purpose is to facilitate a discussion about trends in equity of transit-40
based job accessibility across the nation. To address the concern of endogeneity, future work will41
consider longitudinal datasets to analyze changes in job accessibility over time in terms of select42
socio-demographic populations.43
The second limitation of this work is related to the accessibility measure, which considers44
all jobs equally when realistically not every resident is qualified for every job. For example, a low-45
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income neighborhood might find great transit-based access to many white-collar jobs but would1
not necessarily benefit most of the residents living in that neighborhood if low-income and high-2
income jobs are in different locations.3
However, despite these two limitations, it can still be concluded from this study that transit-4
based job accessibility is not equitable for all socioeconomic groups across all of the largest 505
metropolitan regions in the US. Careful consideration of disadvantaged socio-demographic popu-6
lations during transport planning and policy-making is required to reduce the disparity in access to7
opportunities provided to individuals by race, income, age, gender, or disability.8
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